Water infiltration into soils is an important component of hydrological processes. Direct measurement of infiltration is time consuming, expensive and often involves large spatial and temporal variability. The objective of this study was to develop and verify parametric pedotransfer functions (PTFs) to predict infiltration parameters. Consequently, 119 double-ring infiltration data were collected. The parameters of Philip, Kostiakov, Kostiakov-Lewis and Horton models were obtained, using the sum of squares error optimization method. Some parametric PTFs were then derived to predict the parameters of the infiltration models, using stepwise regression analysis. The results indicated a reasonable estimation of infiltration parameters by the derived PTFs. These results were more accurate when the land use of the studied area was considered. Overall results of this study suggest infiltration-based PTFs could be established as a reasonable indirect method for estimating infiltration parameters.
Introduction
Measurements of the soil hydraulic properties of infiltration and soil water retention are costly, tedious, time consuming and usually involve large spatial and temporal variability (Wösten et al. 2001 , Mishra et al. 2003 . Therefore, considerable efforts have been made to indirectly measure soil hydraulic properties. One of the indirect methods of estimating the soil hydraulic properties is the so-called pedotransfer function (PTF; Bouma 1989 ). Many PTFs have been developed to predict soil hydraulic properties (Vereecken et al. 1989 , Bell and Van Keulen 1995 , Wosten 1997 , Mayr and Jarvis 1999 , Minasny and McBratney 2000 , Jarvis et al. 2002 , Soet and Stricker 2003 , Tomasella et al. 2003 , Børgesen et al. 2008 , Khodaverdiloo et al. 2011 , Obalum and Obi 2013 , Babaeian et al. 2015 . Most studies on PTFs have been focused on predicting soil water retention and unsaturated hydraulic parameters. Ghorbani Dashtaki et al. (2010) derived some parametric and point PTFs to predict the soil moisture retention curve from geometric mean and geometric standard deviation of soil particle diameter. In their study, comparison of the derived PTFs with that obtained from the Rosetta program (Schaap et al. 2001) showed care should be taken when applying PTFs in pedogenically different areas. The same conclusion was also reported by Homaee and Farrokhian Firouzi (2008) and Cornelis et al. (2001) .
In recent years, development of PTFs for estimating soil hydraulic properties and dielectric properties (Persson et al. 2002) has become increasingly popular. However, no study has been conducted to specifically develop PTFs for predicting infiltration parameters. One reason for this might be the complications that arise from site dependency of infiltration parameters to widely different land uses in both local and regional scales. The objective of this study was to derive and validate some particular PTFs for estimating soil water infiltration parameters in three major land uses.
Theoretical-based infiltration models have been derived from ideal physical models. These models that have a physical basis assume the soil porous media to be similar to capillary tubes, allowing water to infiltrate into the entire porous media. Parameters of such infiltration models usually have physical meaning. The infiltration parameters can be obtained from soil physical properties, such as soil hydraulic conductivity, soil porosity, soil water pressure head and soil water content, using the theoretical models (Stone et al. 1994) .
As an early attempt, Philip (1957a) proposed a model based on an analytical solution of the Richards flow equation (Richards 1931) . In his analytical solution, he used a time series to solve the Richards equation. Neglecting the higher-order terms, he obtained a two-term infiltration equation in which both parameters have physical meaning: ] is the saturated hydraulic conductivity. The numerical procedure of Philip (1957a Philip ( , 1957b ) to obtain the parameters S and A is somehow difficult for practical applications. However, the values of S and A might be obtained by curve-fitting of the Philip model to infiltration data (Espinoza 1998) .
The empirical models usually take simple forms; their parameters are derived by fitting the equation through measured data. Although these models provide estimates of infiltrated water, they are not able to provide information on water content distribution. Furthermore, most of these models are derived based on constant water content being available at the soil surface.
One of the earliest empirical infiltration models was the one proposed by Kostiakov (1932) : ] at time t, and k and b are dimensionless empirical constants.
By integrating from 0 to t, equation (3) yields an expression for cumulative infiltration, I [L]:
The main disadvantage of this equation is that it predicts a zero infiltration rate for large t values. In order to overcome the limitation of Kostiakov's model for longer times, the Kostiakov-Lewis model was proposed as modifications to equation (3):
where A is the final infiltration rate at steady state condition, and k′ and b ′ are dimensionless empirical constants. It is recommended that the use of identical notations for parameters of the Kostiakov model and the Kostiakov-Lewis model is avoided when these two models are used in one study (Ghorbani Dashtaki et al. 2009) . The exponential empirical model proposed by Horton (1940) can be written as:
where i 0 and i f are the initial and final infiltration rates, and β is an empirical constant. Dissimilar to the Kostiakov model, i (t) in this model is non-zero when t approaches infinity. For simplicity in application, it can be also written as:
where a, c and m are the coefficients of the model and have positive values. The values of a, c and m can simply be obtained from curve-fitting (Davidoff and Selim 1986) . Fig. 1 . The land uses of the study area consisted of wheat, pasture and fallow lands. The soil textures of the surface horizons were sandy loam, loam, silty loam, silty clay loam, clay loam and clay. Large amounts of infiltration data were obtained by the double-rings method from 119 points of the study sites, each with three replicates. The distances between the replicates were about 3 m with a triangular pattern. The infiltration experiments were conducted until the infiltration rate reached a constant value for each soil. However, the minimum required time for infiltration measurement was 270 min with at least 17 infiltration-time data pairs. Each infiltration measurement was conducted with three replicates, using double-ring apparatus with outer and inner diameters of 70 cm and 30 cm, respectively. The applied water for infiltration measurements was provided from tap water at the nearest towns to the measurement locations. The initial soil water contents of these sites were widely varied from dry to wet.
Materials and methods
The parameters of the infiltration models were obtained, using the least-squares method. This method suggests that, for the best fits, the sum of the squares of differences between the observed and the corresponding estimated values is minimum (Parhi et al. 2007) . The following objective function was used to determine the parameters:
where SSE is the sum of square error, I(m) j is the measured cumulative infiltration for soil (i) and I(p) j is the predicted cumulative infiltration for soil (i), where j = 1, 2, . . .n, with n the total number of j determinations for each soil i. Subscript j indicates the number of times that cumulative infiltration was measured or estimated. The solver feature in Microsoft Excel was used to fit the parameters of the infiltration models. When the Philip model was applied to field-obtained infiltration data, it was used in a manner effectively similar to the empirical models because numbers of the assumptions are typically violated (e.g. uniformity of soil properties and initial water contents). Therefore, parameters of each model were considered unknown and subjected to fitting procedure.
Some soil properties of the first two pedogenic upper layers (A and B horizons) were determined by standard methods. The initial water content, particle size distribution, bulk density, organic carbon, CaCO 3 content and gravel contents were determined using the gravimetric method, hydrometery method (Gee and Bauder 1986) , core method (Blake and Hartge 1986 ), Walkley and Black method (Walkley and Black 1934) , calcimeter method (Nelson 1982) and volumetric method, respectively. The soil water pressure heads at field capacity and permanent wilting point were determined by pressure plate apparatus. The geometric mean d g and geometric standard deviation σ g of the soil particle diameter were calculated by using the Shirazi and Boersma (1984) formulations: 
where n is the number of soil separate groups, e.g. clay, silt, sand, f i is the percent of total soil mass having diameters equal to or less than M i and a is 0:01
The multiple linear regression analysis was performed to correlate the dependent and independent variables of the collected data. In order to derive the PTFs, the sand, silt, clay contents, bulk density, CaCO 3 percent, organic carbon content, initial soil water content, soil water contents at field capacity (FC) and permanent wilting point (PWP), total porosity, gravel content, d g and σ g of the A and B horizons were applied as independent variables. The parameters of the mentioned infiltration models were used as dependent variables.
After deriving the infiltration PTFs, their accuracy was evaluated. Consequently, the measured and predicted cumulative infiltration values were compared. Some statistics were used to evaluate performance of the derived PTFs. These are the Pearson correlation coefficient r (−), root of the mean-squared difference (RMSD, cm) and the mean difference (MD, cm).
Let I(t) mi be the measured cumulative infiltration function for soil (i) (i.e. the considered models fitted to the discrete set of measured I(t) values), and I(t) pi the predicted cumulative infiltration function for soil (i) (i.e. the considered models as predicted by the PTFs), where (i) = 1, 2, . . . n, where n is the total number of soils in the evaluation dataset. Then, the MD (cm) for soil (i) can be calculated by:
The integration boundaries a and b are set to the measured infiltration curve range times. Using the MD statistic allows the evaluation of the bias of the infiltration curve and its absolute value should be as small as possible. The MD indicates whether the selected PTFs overestimate or underestimate the measurements. The RMSD (cm) for soil (i) can be calculated with:
The RMSD value is always positive; it would be zero only if all measured infiltration through the time equal the predicted ones. The RMSD is an index of the correspondence between measured and predicted cumulative infiltration curves. The Pearson correlation coefficient r (−) for soil (i) can be obtained from:
where
IðtÞ mi dt is the mean infiltrated water of the measured cumulative infiltration curve for soil i, and
IðtÞ pi dt is the mean infiltrated water of the predicted cumulative infiltration curve for soil i.
The Pearson correlation coefficient is a measure of the linear association between two variables (measurements and predictions). Values of the correlation coefficient range from −1 for a perfect negative relationship to +1 for a perfect positive relationship. The sign of the coefficient indicates the direction of the relationship, and its absolute value indicates the strength, with larger absolute values indicating stronger relationships. Furthermore, the mean of absolute values of MD and standard deviation of RMSD (SDRMSD) were calculated as indices to compare the derived infiltration PTFs. The advantage of taking the absolute value of MD instead of MD itself is that it depends only on the error or possible bias within a given cumulative infiltration curve of corresponding soil. To have an idea on the overall bias of a given PTF, mean absolute MD values can be compared with absolute value of the mean MDs. When both are equal, the derived PTF shows a 100% overestimation or underestimation for all cumulative infiltration curves (Cornelis et al. 2001) .
The high values of SDRMSD show different performances of a PTF in different soils.
Results and discussion
All selected soils are categorized as calcareous soils. The value ranges of some soil properties at different land uses are given in Table 1 , and according to this table, the minimum and maximum values of CaCO 3 (%) within the study sites are 5% and 63.5%, respectively. The organic carbon contents of the studied soils are very low with 0.77% mean and 0.65% standard deviation.
The value ranges of the measured infiltration parameters are given in Table 2 . The fitted model parameters differ among the different land uses. Dimensionless measure of variability, CV (coefficient of variation), of the model parameters in different land uses shows that the variation of the k parameter in the Kostiakov model is the largest in wheat lands. While for the b parameter of the Kostiakov model, the differences between three land uses are less manifested. The data given in Table 2 further indicate that the A parameter of the Kostiakov-Lewis model and the k parameter of the Philip model exhibit the highest variability in different land uses compares to other parameters. Both these parameters correspond to the soil saturated hydraulic conductivity. The ranges of variation in the Horton model did not show any regularity for different land uses. Figure 2 represents the cumulative infiltration versus time in different land uses. This figure shows that the average cumulative infiltration in pasture land use is larger than that of two other land uses. The large cumulative infiltration that occurred under pasture land use can be related to the presence of a large number of macropores formed through decayed roots (preferential flow through root-channels). This figure also shows that the average cumulative infiltration of fallow land use is less than its value under wheat land uses. The maximum cumulative infiltrated water in pasture, wheat and fallow land uses were 114, 51 and 44 cm, respectively. As can be seen from the data presented in Table 1 , the organic carbon content of pasture lands is more than its value in both wheat and fallow land uses. The more organic carbon in soil, the better the development of soil structure and structural stability. Some other previous studies have also demonstrated that perennial vegetation can increase infiltration (e.g. Dunne et al. 1991 , GonzalezSosa et al. 2010 . This way, one may conclude that due to organic carbon content and soil management practices, the water infiltration in pasture land use is more significantly affected by macropores. Meanwhile, the soil water infiltration in fallow land use is mainly affected by soil particle size distribution. It is expected that the cumulative infiltration, in a certain period of time, will be higher under pasture land use compared to fallow and wheat land uses. This is illustrated in Fig. 2 . It can be deduced that soil organic carbon is an important soil quality indicator because it has a strong relationship to critical soil functions such as infiltration.
Data preprocessing
Since hypothesis tests are based on normal distribution of the data, the normality of the data distribution was tested using the Ryan and Joiner (1976) method. The performed normality test of the collected data indicated that the distributions of some dependent variables are not normal. Therefore, the data with abnormal distributions were normalized, using some transformations depicted in Table 3 .
Infiltration PTFs
Some infiltration PTFs were developed to predict the normal/transformed parameters (Table 3) , using the independent variables. The stepwise procedure was used to derive the regression models. The independent variables were selected at 0.05 and 0.10 significant levels for entry and retaining in the regression model, respectively. The adjusted coefficients of determination (R 2 adj ) given in Table 4 indicate the variation ranges of the dependent variables that were explained by the independent variables.
To avoid any multicolinearity, the variation inflation factor (VIF) statistics were used to detect multicolinearity in each derived infiltration PTF. If the calculated VIF for each model is larger than 10, multicolinearity will occur (Hocking 2003) . In the derived infiltration PTFs, no VIF value greater than the critical level (10) was obtained. The highest value (VIF = 6.44) was calculated for the derived infiltration PTFs for A 0.5 parameters under wheat land use.
When all data collected from three different land uses were used to derive infiltration PTFs, no significant relationship was found among the parameters and soil properties. It is obvious that infiltration under different land uses is dissimilar and thus the parameters and variations would consequently differ. It can then be concluded that land use is one of the most important sources of soil water infiltration variability. Thus, the infiltration PTFs were separately derived for all three studied land uses. It was assumed that the impact of different vegetation and management systems is reflected in the infiltration process as an indicator of soil quality.
Deriving infiltration PTFs for wheat land use
These infiltration PTFs were derived to predict the parameters of Kostiakov, Kostiakov-Lewis, Horton and Philip models for the wheat land use. The derived infiltration Table 3 . Transformations used to achieve normality.
Model
Land use Table 4 . To derive these PTFs, the independent variables were selected at a 0.05 significancy level for both entry and retaining in the regression model. When deriving PTF to predict the a(H) 0.1 parameter, no significant relationship was found. The results given in Table 4 indicate that water content of the A horizon at PWP is an appropriate predictor for m(H) 0.1 and c(H) 0.5 parameters. Also, clay content of the A and B horizons and geometric mean particle diameter of the B horizon appeared to be the most significant input parameters to predict the k(K) 0.1 parameter. The total explained variation of the A 0.5 parameter (Table 4) was mainly determined by the geometric standard deviation of particle diameters and the clay content of the A horizon. Organic carbon and porosity of the A horizon and initial water content of the B horizon were the most important predictors for the b′ parameter. The obtained results for the Philip parameter S(Ph) 0.2 showed that most of the variance of the sorptivity was explained by PWP and porosity of the A horizon and silt content of the B horizon. The derived PTF for A(Ph) 0.5 was mainly composed of clay content and geometric standard deviation of particle diameters of the A horizon and PWP of the B horizon. Figure 3 shows a comparison between the measured and estimated cumulative infiltration with the derived PTFs for wheat land use. As can be seen from this figure, the derived PTFs for wheat land use underestimate the cumulative infiltration. Thus, it can be concluded that by increasing infiltration time, the underestimation of cumulative infiltration with the derived PTFs would increase. Furthermore, the derived infiltration PTFs can provide the best prediction at the initial infiltration time.
Deriving infiltration PTFs for fallow land use
These PTFs were derived to predict the infiltration parameters in fallow land use as listed in Table 4 . To develop these infiltration PTFs, the independent variables were selected at a 0.05 significance level for entry and retaining in the regression model. None of the independent variables were able to predict the A(Ph) parameter as a dependent variable of PTFs. The results presented in Table 4 indicate that the derived PTFs for the S(Ph) 0.2 parameter can explain 75% of parameter variations. The gravel content of the A and B horizons together with bulk density and CaCO 3 content of the A horizon appeared to be the most significant inputs to predict the k(K) parameter. The total explained variation of the A 0.5 parameter (Table 4) was mainly determined by geometric standard deviation of particle diameters of the A horizon and water content at FC of the B horizon. Geometric standard deviation of particle diameters of the A horizon and water content at FC and gravel content of the B horizon were the most important predictors for parameter b′. The obtained results for c(H) 0.5 showed that 32% of variance of this parameter was explained by water content at FC and the geometric mean of particle diameters of the A horizon. The derived PTF for m(H) 0.5 was mainly composed of gravel content and water contents at FC and PWP of the A horizon and geometric mean of particle diameters of the B horizon.
The scatter plots of the measured and estimated cumulative infiltration with the derived PTFs for fallow land use are given in Fig. 4 . This figure illustrates that the derived PTFs for fallow land use underestimate the cumulative infiltration. It is obvious that the estimation error of the derived PTFs would increase through the infiltration time.
Deriving infiltration PTFs for pasture land use
These PTFs were derived to predict the infiltration parameters within pasture land use. Contrary to the wheat and fallow land uses, PTFs were derived for all infiltration parameters as listed in Table 4 . To develop these infiltration PTFs, the independent variables were selected at a 0.05 significance level for entry and retaining in the regression model. The results presented in Table 4 indicate that the CaCO 3 content of the A horizon, as a predictor variable, could explain 27% of variation of the a(H) 0.5 parameter. The derived PTF for c(H) 0.5 explained 55% of the parameter variation. Organic carbon, initial water content and gravel content of the B horizon appeared to be the most significant input variables to predict the k(K) parameter. About 37% of b(K) variability could be explained by the sand content of the B horizon. The total explained variation of the A 0.5 parameter (Table 4) . The independent variable of the derived PTF for A(Ph) 0.5 was the sand content of the A horizon. Figure 5 shows a comparison between the measured and estimated cumulative infiltration with the derived PTFs for pasture land use. It can be concluded from this figure that by increasing the infiltration time, the estimation errors of the derived PTFs will increase. But, it is not clear whether the derived PTFs would overestimate or underestimate the cumulative infiltration. Predicted cumulative infiltration (cm) Figure 3 . Measured vs predicted cumulative infiltration in the wheat land use.
Measured cumulative infiltration (cm)

Evaluation of the derived infiltration PTFs
The calculated R 2 adj values of the derived infiltration PTFs (Tables 3 and 4) indicate that the selected predictors could not describe the entire variation of soil water infiltration very well. This can be related to two reasons. First, the high variability of the infiltration process means that the applied independent variables are incapable of explaining its variation. Second, there was no variable (in the selected dataset) to describe the soil structure effects and macropores on the infiltration process. Typical PTF inputs, such as soil particle size distribution, bulk density and organic carbon, are not sufficient inputs to characterize the pore structure of soils (Lin et al. 1999 , Pachepsky et al. 2006 . Since the infiltration process is strongly influenced by soil macropores, an independent variable is required to describe soil structure effects on the infiltration process to derive reasonable PTFs. Although bulk density is usually considered as an index for soil porosity, it could not improve the PTF derivations. Comparisons between the measured and predicted infiltration data are given in Figs 3, 4 and 5. From these figures it can be concluded that the differences between measured and estimated infiltration increased through time. This may be explained by the fact that infiltration is much more controlled by macropores at larger times. However, there was no index of macropores as a predictor in the derived PTFs. Thus, it is suggested that a quantitative index of soil structure be introduced for describing water flow in macropores in future studies.
The calculated statistical measures presenting the differences between measured and predicted cumulative infiltration are summarized in Table 5 . The accuracy ranking of the derived infiltration PTFs are also presented in this table. The presented numbers in parentheses are the ranks of corresponding PTFs in each land use. The presented numbers in square brackets are the ranks of corresponding PTFs in all three land uses.
When considering the mean MDs, it can be observed that only the derived PTFs for Horton's parameters in the pasture land use have overestimated the cumulative infiltration. All other infiltration PTFss tend to underestimate the cumulative infiltration. If the absolute value of the mean MDs and mean absolute MD values are equal, it can be concluded that the considered PTFs systematically overestimate or underestimate the infiltration. Comparing these two values in Table 5 , and by looking at Figs 3, 4 and 5, it becomes clear that none of the derived PTFs would systematically overestimate or underestimate the infiltrated water within all three studied land uses.
Considering the mean RMSDs, the derived PTFs for pasture land use have the largest values. In pasture land use, the derived PTFs for the Horton model have the lowest value (9.12 cm). The minimum values for the mean RMSDs in wheat and fallow land uses belong to the derived PTFs for the Philip and Kostiakov-Lewis models, respectively.
In order to facilitate comparison among the derived infiltration PTFs, the mean of absolute values of mean difference, the mean of RMSD values, the mean of Pearson correlation values and the mean of SDRMSD were calculated. Then, the rank of each PTF was determined to describe the infiltration curve, using the calculated statistics. Considering the obtained ranks, the derived PTFs for the Kostiakov-Lewis parameters, Philip parameters and Horton parameters have the most accurate PTFs in fallow, wheat and pasture land uses, respectively. The derived PTFs for Philip parameters in wheat land use and for Kostiakov-Lewis parameters in fallow land use had the highest average ranking for the calculated validation indices. The obtained ranks of the derived PTFs indicate that the derived infiltration PTFs for pasture land use had the largest prediction errors. This may be related to the fact that infiltration process in this land use is controlled by some other soil properties rather than the used soil predictor data. As result of having more root paths in pastures and conical-shaped macropores, more preferential flow would occur through the water infiltration process. The preferential flow that occurred in the field was not accounted for in the derived PTFs by the selected soil properties. Application of predictors that account for the macropores would improve the performance of infiltration PTFs. Further theoretical and experimental investigations are needed to attain this purpose.
The selected soils for deriving infiltration PTFs were pedogenically quite different from each other. One reason for low predictability of the predictors can be related to the high variation of infiltration parameters because of different pedogenic soil classes. Therefore, developing infiltration PTFs for similar soil subgroups may improve the predictability of these PTFs. We may then suggest that PTFs be developed in similar soil subgroups for each land use. The derived PTFs here for the studied land uses clearly indicate the importance of CaCO 3 content in describing the variation of infiltration parameters. This property is one of the major properties in soil classification. As shown in Table 4 , for each land use a separate PTF was derived to estimate the infiltration parameters. This clearly reveals the significance of land use effect on the infiltration process.
Conclusions
This study attempts to derive and validate some specific pedotransfer functions (PTFs) to estimate soil water infiltration parameters. Infiltration data from 119 calcareous soils were collected from three different land uses, wheat, pasture and fallow, to derive the designated PTFs. It is shown that infiltration parameters vary widely under different land uses. When all data of three land uses were used to derive PTFs, no significant relationship was found between the parameters and soil properties. Consequently, the infiltration PTFs were derived for each separate land use. The calculated R 2 adj values of derived infiltration PTFs indicate that the selected predictors could not well describe the entire variation of soil water infiltration. This could be related to two possible factors. First, the large variability of the infiltration process means that the applied independent variables are unable to explain its variance. Second, the practical application confirmed that soil structure is a crucial property in characterizing hydraulic behaviour within macropore flow regions, whereas soil texture has a major impact on hydraulic properties controlled by micropores. Within the selected dataset, there was no input variable to account for soil structure and macropore effects on the infiltration process. To further improve regression form equations, quantitative information on soil structure may have to be included. Also, some other methods, such as regression tree, group methods of data handling and neural networks, are suggested for detecting the nonlinear relationship between available soil properties and infiltration parameters.
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